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Abstract The intensity and spatial extent of tropical cyclone precipitation (TCP) often shapes the risk
posed by landfalling storms. Here we provide a comprehensive climatology of landfalling TCP
characteristics as a function of tropical cyclone strength, using daily precipitation station data and Atlantic
U.S. landfalling tropical cyclone tracks from 1900 to 2017. We analyze the intensity and spatial extent of ≥1
mm/day TCP (Z1) and ≥50 mm/day TCP (Z50) over land. We show that the highest median intensity
and largest median spatial extent of Z1 and Z50 occur for major hurricanes that have weakened to tropical
storms, indicating greater ﬂood risk despite weaker wind speeds. We also ﬁnd some signs of TCP change in
recent decades. In particular, for major hurricanes that have weakened to tropical storms, Z50 intensity
has signiﬁcantly increased, indicating possible increases in ﬂood risk to coastal communities in more
recent years.
Plain Language Summary Heavy and widespread rainfall during landfalling tropical cyclones
can cause severe damage and large ﬁnancial losses. Here we investigate the differences in rainfall along
tracks of tropical cyclones of different intensities. To do this, we examine the tracks of Atlantic tropical
cyclones that made landfall in the southeastern and eastern United States during the 20th century. Across all
major hurricanes, the largest areas and heaviest intensities of rainfall over land occur after they have
weakened to tropical storms. These major hurricanes that have weakened to tropical storms also have
heavier rainfall over land during the most recent six decades compared to the ﬁrst six decades of our study
period. Our ﬁndings indicate that after landfall occurs, the greatest risks of heavy and widespread rainfall
are associated with major hurricanes that have weakened to tropical storms and that these risks may
have grown in the past century.
1. Introduction
Tropical cyclones have contributed to thousands of fatalities and billions of dollars in losses in the United
States in recent years. This includes more than 3,000 deaths and $300B in ﬁnancial losses from hurricanes
Michael, Florence, Harvey, Irma, and Maria in 2017 and 2018 (NOAA, 2019). Coastal and inland ﬂooding
due to heavy tropical cyclone precipitation (TCP) can have extensive impacts on human health (Bell et al.,
2018), including 27% of fatalities during tropical cyclones between 1963 and 2012 (Rappaport, 2000, 2013).
Extreme TCP can drastically increase a storm's impacts. For example, Hurricane Harvey's (2017) vast and
heavy rainfall contributed to 57 of the 70 deaths and $11B of losses due to multiday ﬂooding (Jonkman
et al., 2018; Simpson, 2018), and the majority of Tropical Storm Allison's (2001) damages, including 41
deaths and $5B in losses, were due to heavy, prolonged, and widespread rainfall (Beven et al., 2002;
National Centers for Environmental Prediction, 2001). These examples highlight the multiplicative damage
that high‐magnitude and large‐footprint TCP can yield. Such impacts are particularly acute when ﬂooding
occurs in several metropolitan areas simultaneously, signiﬁcantly impeding evacuation, relief, and recovery
efforts (Upton et al., 2017; Yeo et al., 2018).
The impacts of recent storms provide ample motivation to better understand the factors that shape TCP
intensity and spatial extent, which often vary drastically among tropical cyclones (Matyas, 2010; Skok
et al., 2013). Multiple studies have examined the relationship between TCP and TC intensity over the





• Precipitation extent and intensity
vary strongly among categories of
tropical cyclones
• The largest extents and heaviest
intensities of overall rainfall over
land occur for major hurricanes that
have weakened to tropical storms
• Heavy precipitation has signiﬁcantly
increased between 1900–1957 and
1958–2017 for major hurricanes that
have weakened to tropical storms
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Atlantic region (e.g., Chen et al. (2006), Daloz et al. (2010), Gaona and Villarini (2018), Jiang et al. (2008),
Konrad and Perry (2009), Lau and Zhou (2012), Prat and Nelson (2016), Zhou and Matyas (2017) and
Zick and Matyas (2016)). Using radar, satellite, or station observations, these studies conclude that TCs that
make landfall as major or minor hurricanes (as opposed to tropical storms) deliver the highest TCP rates and
accumulations of TCP as they weaken over land. Additionally, as a TC makes landfall, TCP intensity
increases in the outer bands of the storm (Villarini et al., 2011), and storm structures become more asym-
metric and fragmented (Zhou &Matyas, 2017; Zick &Matyas, 2016). These studies highlight the importance
of understanding the risks associated with TCP as a function of TC evolution.
While previous studies assessed TCP differences among landfalling TC intensity categories, most are limited
to relatively short satellite or radar records, and few discriminate between TC intensity categories after land-
fall. Given the precipitation‐related risks posed by TCs as they travel inland, our study aims to identify how
climatological TCP intensity and spatial extent over land differ for different maximum and transitional TC
intensities during the 20th century. Using the geostatistical framework described in Touma et al. (2018),
we quantify the spatial extent of TCP directly frommeteorological stations. The use of station data eliminates
the need to interpolate or smooth precipitation observations, which can limit the accuracy of TCP quantiﬁ-
cation (Villarini et al., 2011). Additionally, station observations allow us to overcome the temporal limita-
tions of satellite and radar records, enabling TCP quantiﬁcation from the beginning of the 20th century to
the present, the longest period analyzed to date.
We systematically investigate TCP characteristics and trends as a function of TC intensity. Our study also
aims to shed light on variations in TCP intensity and spatial extent during and after landfall, as TCs travel
inland and weaken. Given that both the intensity and spatial extent of TCP can modify the impacts to
affected regions, but do not always vary congruously (e.g., Patricola and Wehner (2018) and Villarini et al.
(2011)), we separately quantify variations in both the intensity and spatial extent. Moreover, we assess var-
iations in lighter and heavier thresholds of TCP over land to understand the added risks from higher levels
of TCP.
Analyzing the period since the beginning of the 20th century captures a larger range of TCP variability than
in previous studies and allows us to test whether there have been changes in TCP intensity and/or spatial
extent through time. This analysis is motivated by previous work showing a role for global warming in alter-
ing large‐scale atmospheric conditions (Ross & Elliot, 1996; Trenberth et al., 2005), atmospheric moisture
availability (Allan & Soden, 2008; Held & Soden, 2006), and tropical cyclone characteristics (Knutson
et al., 2010; Sobel et al., 2016; Walsh et al., 2016). Previous observational analyses of TCP trends yield some-
what contradictory conclusions (Dhakal & Tharu, 2018; Knutson et al., 2018; Kunkel et al., 2010; Zhu &
Quiring, 2013), yet modeling results suggest that mean and extreme TCP will increase with anthropogenic
climate change (Knutson et al., 2010; Liu et al., 2018; Villarini et al., 2014). Additionally, previous studies
have used global‐ and regional‐scale models to attribute unprecedented intensities of TCP, such as during
Hurricane Harvey (2017), to observe anthropogenic warming and have projected future increases in TCP
under continued global warming (Emanuel, 2017; Patricola & Wehner, 2018; Risser & Wehner, 2017; van
Oldenborgh et al., 2017; Wang et al., 2018). Extending the observational baseline of TCP estimates over
the past century is thus crucial for constraining future projections.
2. Data and Methods
2.1. Station Precipitation and Tropical Cyclone Tracks
We use daily precipitation data from the Global Historical Climatology Network (GHCN)‐Daily station data
set (Menne et al., 2012) and TC tracks archived in the revised HURricane DATabase (HURDAT2) database
(Landsea & Franklin, 2013). HURDAT2 is a poststorm reanalysis that uses several data sets, including land
observations, aircraft reconnaissance, ship logs, radiosondes, and satellite observations to determine tropical
cyclone track locations, wind speeds, and central pressures (Jarvinen et al., 1984; Landsea & Franklin, 2013).
We select 1,256 U.S. stations from the GHCN‐Daily data set that have observations beginning no later than
1900 and ending no earlier than 2017 (though most station records are not continuous throughout that per-
iod). These 1,256 land‐based stations are well distributed over the southeastern United States and Atlantic
seaboard (see Supporting Information Figure S1).
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We use the HURDAT2 Atlantic database to select locations and windspeeds of TC tracks that originated in
the North Atlantic Ocean, Gulf of Mexico, and Caribbean Sea and made landfall over the continental United
States. Though tracks are determined at 6‐hourly time steps for each storm (with additional time steps that
indicate times of landfall and times and values of maximum intensity), we limit our analysis to track points
recorded at 1200 UTC, in order to match the daily temporal resolution and times of observation of the
GHCN‐Daily precipitation data set (Menne et al., 2012), as well as the diurnal cycle of TCP (Gaona &
Villarini, 2018). Although this temporal matching technique may omit high values of precipitation from
the analysis, it reduces the possibility of capturing precipitation that is not associated with a TC.
2.2. Tropical Cyclone and Lifetime Maximum Intensity Categories
For each daily point in the tropical cyclone track, we use the maximum sustained windspeed to place the
storm into one of three Extended Safﬁr‐Simpson categories: tropical storms (“TS”; 34–63 knots), minor hur-
ricanes (“Min”; categories 1 and 2; 64–95 knots), and major hurricanes (“Maj”; categories 3 to 5; >96 knots;
Schott et al., 2012). Additionally, for each track, we record the category of the lifetime maximum intensity
(LMI), based on the maximumwindspeed found along the whole lifetime of the track (i.e., using all available
track points). LMI is a standard tropical cyclone metric and is considered a robust measure of track intensity
through time and across different types of data integrated into the HURDAT2 reanalysis (Elsner et al., 2008;
Kossin et al., 2013, 2014). Therefore, for each track point, a dual category is assigned: the ﬁrst portion of the
classiﬁcation denotes the category of the storm for a given point (hereafter “point category”), while the sec-
ond denotes the LMI category. The combination of the two can thus be considered a “point‐LMI category.”
For example, the point on 27 August 2017 at 1200 UTC along Hurricane Harvey's track is classiﬁed as TS‐Maj
because it is a tropical storm (TS) at this point but falls along a major hurricane LMI track (see starred loca-
tion in Figure S2a). Given that the LMI category for a given point cannot be weaker than the point category
itself, the set of possible point‐LMI category combinations for each track point is TS‐TS, TS‐Min, TS‐Maj,
Min‐Min, Min‐Maj, and Maj‐Maj. This dual classiﬁcation allows us to explore climatological TCP spatial
extents and intensities during the tropical cyclone lifetime. Our dual classiﬁcation does not account for
the timing of the point category relative to the LMI category for a given point along a track (i.e., the time
lag between the LMI and point in consideration). However, the majority of points selected in our analysis
occur after the TC has reached its LMI and are in the weakening stage (see Table S1 for more details).
This could be expected, as our analysis is focused on land‐based precipitation stations, and TCs weaken over
land. However, a small fraction of TC points analyzed occur over the ocean before making landfall but are
close enough to land for precipitation gauges to be impacted.
2.3. Moving Neighborhood Method for TCP Spatial Extent and Intensity
We ﬁrst ﬁnd the distribution of TCP intensity using all daily land precipitation values from all available sta-
tions in a 700‐km‐radius neighborhood around each point over land on each tropical cyclone track
(Figures 1a and S2). We then create two new binary station data sets, Z1(x) and Z50(x), which indicate
whether or not a station meets or exceeds the 1 or 50 mm/day precipitation threshold, respectively, on a
given day. The 50 mm/day threshold is greater than the 75th percentile of TCP across all tropical cyclone
categories (Figure 1a), allowing us to capture the characteristics of heavy TCP while retaining a robust sam-
ple size. The 1 mm/day threshold captures the extent of the overall TCP around the TC track point.
We use the relaxed moving neighborhood and semivariogram framework developed by Touma et al. (2018)
to quantify the spatial extent of Z1 and Z50 TCP for each track point. Using a neighborhood with a 700‐km
radius around each track point, we select all station pairs that meet two criteria: at least one station has to
exhibit the threshold precipitation on that given day (Z(x) = 1; blue and pink stations in Figure S2b) and
at least one station has to be inside the neighborhood (black and pink stations in Figure S2b). We then cal-
culate the indicator semivariogram, γ(h), for each station pair selected for that track point (equation (1)):
γ hð Þ ¼ 1
2
Z x þ hð Þ−Z xð Þ½ 2; (1)
where h is the separation distance between the stations in the station pair. The indicator semivariogram is
a function of the separation distance and has two possible outcomes: all pairs with two threshold stations
(Z(x) = Z(x + h) = 1) have a semivariogram value of 0, and all pairs with one threshold station and one non-
threshold station (Z(x) = 1 and Z(x + h) = 0) have a semivariogram value of 0.5.
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We then average the semivariogram values for all station pairs for equal intervals of separation distances (up
to 1,000 km) to obtain the experimental semivariogram (Figure S2c). To quantify the shape of the experimen-
tal semivariogram, we ﬁt three parameters of the theoretical spherical variogram (nugget, partial sill, and
practical range) to the experimental semivariogram (equation (2)):
γh ¼
















where c is the nugget, b is the partial sill, and α is the practical range (Goovaerts, 2015). The nugget quantiﬁes
measurement errors or microscale variability, and the partial sill is the maximum value reached by the sphe-
rical semivariogram (Goovaerts, 2015). The practical range is the separation distance at which the semivar-
iogram asymptotes (Figure S2c). At this separation distance, station pairs are no longer likely to exhibit the
threshold precipitation (1 or 50mm/day) simultaneously (Goovaerts, 2015; Touma et al., 2018). Therefore, as
in Touma et al. (2018), we deﬁne the length scale—or spatial extent—of TCP for that given track point as the
practical range.
There are some subjective choices of the moving neighborhood and semivariogram framework, including
the 700‐km radius of neighborhood (Touma et al., 2018). Previous studies found that 700 km is sufﬁcient
to capture the extent to which tropical cyclones inﬂuence precipitation (e.g., Barlow (2011), Daloz et al.
(2010), Hernández Ayala and Matyas (2016), Kim et al. (2014), Knaff et al. (2014), Knutson et al. (2010)
and Matyas (2010)). Additionally, Touma et al. (2018) showed that although the neighborhood size can
slightly impact the magnitude of length scales, it has little impact on their relative spatial and
temporal variations.
2.4. Analysis of Variations and Trends
We use Mood's median test (Desu & Raghavarao, 2003) to test for differences in the median TCP intensity
and spatial extent among point‐LMI categories, adjusting p values to account for multiple simultaneous
comparisons (Benjamini & Hochberg, 1995; Holm, 1979; Sheskin, 2003). To test for changes in TCP charac-
teristics over time, we divide our century‐scale data set into two halves, 1900–1957 and 1958–2017. First, the
Figure 1. (a) The distribution of Z1 TCP intensity for each point‐LMI category. The 90th, 95th, and 99th percentiles of the
distributions are indicated by the symbols. (b) The differences in Z1 TCP intensity among the different point‐LMI classi-
ﬁcations are shown as bold numbers and shading. The number and shading of each grid represents the difference of the
median TCP intensity of the row category minus the column category. The adjusted p values of Mood's median test when
comparing the distributions among the categories are shown in italics. LMI = lifetime maximum intensity; TCP = tropical
cyclone precipitation.
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quartile boundaries are established using the distributions of the earlier period (1900–1957), with one quar-
ter of the distribution falling in each quartile. Then, we ﬁnd the fraction of points in each quartile in the later
period (1958–2017) to determine changes in the distribution. We also report the p values of the Kolmogorov‐
Smirnov test to quantify the differences in the full distributions of TCP intensity and extent between the ear-
lier and later periods (Sheskin, 2003; see Text S1 for more details). Further, to determine the effect of multi-
annual variability on the changes between the earlier and later periods of our data set, we calculate changes
in TCP intensity and extent using midpoint years ranging from 1947 to 1967.
3. Results
3.1. Climatology of TCP Intensity and Spatial Extent
Our systematic, century‐scale analysis reveals signiﬁcant differences in TCP characteristics among point‐
LMI categories. Tropical storms that reach major hurricane intensity at some point along their track (TS‐
Maj) have larger median precipitation intensity than all other point‐LMI categories (Min‐Maj, Maj‐Maj,
TS‐Min, Min‐Min, and TS‐TS; Figure 1). While major hurricane LMI tracks have higher median TCP inten-
sity than minor hurricane and tropical storm LMI tracks (p< 0.001; Figure S3), the median TCP intensity for
TS‐Maj track points exceeds the median for Min‐Maj track points by 6.1 mm/day (p < 0.001) and Maj‐Maj
track points by 6.4 mm/day (p< 0.001; Figure 1b). Similarly, of those tropical cyclones that reach minor hur-
ricane intensity (TS‐Min and Min‐Min), the largest median TCP intensity also occurs when they weaken to
tropical storms (TS‐Min; p < 0.001; Figure 1b). TS‐Maj, Min‐Maj, and Maj‐Maj show the highest TCP values
in the upper tails of the distributions (Figure 1a). In these categories, the 90th percentile is 60 mm/day, com-
pared with 45 mm/day for the set of all categories. While previous studies have noted that the highest TCP
intensities are found along major and minor hurricane tracks (Konrad & Perry, 2009; Lau & Zhou, 2012), we
show that, for the portion of the tracks that occur over land, these high TCP intensities occur during their
weaker TS phases (TS‐Maj and TS‐Min). In contrast, tropical storms that never reach hurricane intensity
(TS‐TS) have the lowest median TCP intensity of all categories (Figure 1b).
We next consider variations in TCP extent. Z1 and Z50 median extents are larger along major hurricane LMI
tracks than along minor hurricane and tropical storm LMI tracks (Figures S3d and S3e). However, we ﬁnd
that the median Z1 extent for TS‐Maj events is 163 km larger than Min‐Maj events (p = 0.002) and 232 km
larger than Maj‐Maj events (p = 0.007; Figure 2a). While the differences are not as robust, the median Z50
extent of TS‐Maj events is also larger than the Min‐Maj and Maj‐Maj portions of major hurricane tracks
(Figure 2b). Similarly, median TS‐Min Z1 and Z50 extents are 98 km (p= 0.002) and 24 km (p= 0.311) larger,
respectively, than themedianMin‐Min extents (Figure 2). Therefore, landfalling TCs that have at some point
reached major or minor hurricane intensity are more likely to be associated with larger median TCP extents
and intensities over land after they have weakened to tropical storms.
3.2. Changes in TCP Intensity and Spatial Extent
Global ocean and atmosphere temperatures have warmed since the beginning of the 20th century (Hansen
et al., 2010; Hartmann et al., 2013; Lenssen et al., 2019; Team, 2019; Vose et al., 2012). Therefore, any
responses of TCP to anthropogenic warming could possibly be detected between the earlier and later halves
of our century‐scale data sets. We ﬁnd strong changes in Z1 TCP intensity distributions for the strongest
intensities of major hurricanes (Maj‐Maj) and during their weakened tropical storm intensities (TS‐Maj; p
< 0.001; Figure 3c). For both TS‐Maj and Maj‐Maj, there has been a negative shift in Z1 TCP intensity dis-
tributions in 1958–2017 relative to 1900–1957 (Figure 3c). However, 14% of the points in the Z50 TCP inten-
sity distributions of TS‐Maj have shifted toward the upper quartiles in the later period, with high (>70
mm/day) values becoming more common, and signiﬁcantly changing the distribution of Z50 TCP intensity
(p< 0.001; Figures 3a and 3b). Thus, risks due to heavy Z50 TCPmay have increased in the second half of the
century for major hurricanes; but this increase is most robust for those that have weakened to
tropical storms.
We next consider changes in the spatial extent of TCP. The distributions of Z1 extent for the weakest phases
of major hurricanes (TS‐Maj) are signiﬁcantly different between the earlier and later periods (p = 0.048;
Figure 3e); 24% of the points in the Z1 TCP extent distribution have shifted from the upper two quartiles
to the lower quartiles (Figure 3e). We note that there is a lack of statistically signiﬁcant changes in the Z1
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extent distributions for the strongest phases of major hurricanes (Maj‐Maj and Min‐Maj) and no signiﬁcant
changes in the Z50 extent distributions (Figures 3d and 3e). However, the shift toward the lower quartile in
the distributions of TS‐Maj Z1 TCP extent suggests a diminished spatial extent of TCP around the tropical
cyclone track over land during the weakest phases of major hurricanes.
The well‐documented interannual and decadal variability in Atlantic tropical cyclone activity has been tied
to the El Niño–Southern Oscillation, Atlantic Multidecadal Oscillation, and Atlantic Meridional Mode, as
well as other modes of variability (Boudreault et al., 2017; Camargo et al., 2007; Goldenberg, 2001; Gray,
1984; Hall & Hereid, 2015; Hart et al., 2016; Klotzbach et al., 2018; Knutson et al., 2010; Kossin & Vimont,
2007; Patricola et al., 2014; Truchelut & Staehling, 2017). Thus, the changes in TCP intensity and extent
may be sensitive to the “cutoff” year used as the midpoint between our two periods. However, we ﬁnd that
most changes remain intact when using different cutoff years (see Figures S5 and S6). For example, the
increases in the upper quartiles of the Z50 TCP intensity for TS‐Maj points are robust across all cutoff years
(see Figure S5f). An explicit analysis of the relationship between TCP characteristics and the multiannual
modes of variability (similar to Khouakhi et al. (2017)) will allow us to further distinguish background varia-
bility from historical changes in TCP.
4. Discussion and Conclusions
Our quantiﬁcation of climatological intensity and extents of landfalling TCP has implications for assessment
of the hazards associated with different tropical cyclone intensities. We ﬁnd that the most intense and wide-
spread TCP occurs for tropical cyclones that have amajor hurricane LMI (see Figure S3) and that the greatest
median TCP extents and intensities occur after these storms have reached their strongest intensity and wea-
kened to tropical storms (Figures 1 and 2). Although previous studies have diagnosed the expansion and
intensiﬁcation of TCP in landfalling tropical cyclones (Blackwell, 2000; Dong et al., 2010; Liu & Smith,
2016; Matyas, 2010; Villarini et al., 2011; Yu & Cheng, 2013; Zhou & Matyas, 2017; Zhu & Quiring, 2013;
Zick & Matyas, 2016), our study reveals that major hurricanes have signiﬁcantly larger spatial extents of
overall TCP over land once they have weakened to tropical storms. Understanding the tropical storm portion
of a major hurricane's evolution appears to be key to managing the risks posed by major hurricanes as they
travel inland and weaken to tropical storms, bringing heavier TCP along their tracks.
While the use of a century‐scale daily precipitation data set allows insight into the long‐term climatology of
TCP variations, it prevents the analysis of instantaneous, or subdaily, TCP. For example, our daily precipita-
tion totals do not explicitly differentiate between high values of TCP intensity caused by a slow‐moving TC
with lighter TCP rates versus a fast‐moving TC with heavier TCP rates. The causes for such differences in the
Figure 2. The differences in Z1 (a) and Z50 (b) TCP extents among the different point‐LMI classiﬁcations. The number
and shading of each grid represents the difference of the median TCP extent of the row category minus the column
category. The adjusted p values of Mood's median test when comparing the medians among the categories are shown in
italics. LMI = lifetime maximum intensity; TCP = tropical cyclone precipitation.
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Figure 3. (a) Frequency distributions for Z50 TCP intensity for TS‐Maj (left), Min‐Maj (middle), andMaj‐Maj (right) point‐LMI categories for 1900–1957 (dark teal)
and 1958–2017 (light teal). The short vertical gray lines mark quartile boundaries in the earlier period. (b, c, d, e) Fraction of points in each quartile bin of the
distribution for the earlier (1900–1957) and later periods (1958–2017), where the quartile thresholds are established using the earlier period (1900–1957) distribution
for Z50 TCP intensity (b), Z1 TCP intensity (c), Z50 TCP extent (d), and Z1 TCP extent (e). The p value of the Kolmogorov‐Smirnov (K‐S) test for the distributions in
the earlier and the later periods is shown in italics in panels (a), (b), (c), (d), and (e). (Fraction of points in the earlier period are not always exactly equal
to 0.25 because the fraction of points are recalculated using the number of points that are in each bin, and the sample sizes do not always divisible by four.)
TCP = tropical cyclone precipitation.
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accumulation of daily TCP among tropical cyclone categories could potentially be diagnosed by assessing the
translation speed of TC tracks. We ﬁnd that for all tropical storms (TS‐TS, TS‐Min, and TS‐Maj), those along
major hurricane LMI tracks (TS‐Maj) have the fastest median translation speed (see Figure S7). Therefore,
the relatively high daily TCP intensity values during the tropical storm phases of major hurricanes
(Figure 1) are more likely a result of relatively high subdaily rates of rainfall, rather than sustained accumu-
lation due to slower translation speeds. While high subdaily rates of rainfall during landfalling major hurri-
canes have been quantiﬁed in previous studies using short‐term satellite and radar data (e.g., Gaona et al.
(2018), Gaona and Villarini (2018) and Villarini et al. (2011)), a higher temporal resolution of station‐based
precipitation observations would be advantageous to illuminate the potential role of tropical cyclone
dynamics in shaping TCP characteristics.
Our results also show increases in the upper half of the Z50 TCP intensity distribution for tropical storms
along major hurricane tracks (TS‐Maj) in 1958–2017 compared to 1900–1957 (Figures 3a and 3b). This indi-
cates that the strongest increase in TCP risk over our analysis period has occurred for major hurricanes that
weaken to tropical storms over land. These positive shifts in high values of TCP intensity for tropical storms
and minor hurricanes that were once major hurricanes can be plausibly linked to higher amounts of preci-
pitable water in a warmer atmosphere, as demonstrated in previous studies (Emanuel, 2017; Patricola &
Wehner, 2018; Ross & Elliot, 1996; Scoccimarro et al., 2014; Trenberth et al., 2003, 2005; Villarini et al.,
2013; Wang et al., 2018). We also ﬁnd some indication that the largest overall TCP spatial extents for major
hurricanes that have weakened to tropical storms have decreased throughout the century, indicating the
potential for more localized impacts of TCP and highlighting the importance of improving TC track forecasts
for major hurricanes while they weaken over land. While this decrease in TCP extent has yet to be shown in
other observational studies, modeling studies show decreases in the areal extent of TCP under warmer atmo-
spheric conditions (Patricola & Wehner, 2018). Given that these modeling studies are limited to a small
number of hurricanes, and only show TCP composites over the full track (over both the ocean and land),
a direct comparison of their ﬁndings with ours would require additional modeling and analysis. Further
investigation is also needed to understand why strong changes in TCP extent are only found for major hur-
ricanes that have weakened to tropical storms.
Our century‐scale empirical study could help to inform ﬂood preparedness and risk management by speci-
ﬁcally partitioning changes in TCP characteristics between different intensities of tropical cyclones at land-
fall. While several studies have used climate models to assess potential changes in TCP under warmer
conditions (Emanuel, 2017; Kim et al., 2014; Knutson et al., 2013; Patricola & Wehner, 2018; Wright et al.,
2015) and altered land use (Zhang et al., 2018), our study adds key observational context for interpreting pro-
jected changes of TCP intensity and extents. Climate model projections suggest that a larger proportion of
tropical cyclones could intensify to major hurricanes over the ocean in response to warmer sea surface tem-
peratures (Kim et al., 2014; Knutson et al., 2013; Sobel et al., 2016). Our results suggest that as these major
hurricanes make landfall, their weakening intensities could potentially have an increased likelihood of more
localized, higher TCP intensities, amplifying the potential for ﬂood devastation such as witnessed during
events like hurricanes Harvey and Florence.
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